A generalized relative quality (RQ) assessment scheme is proposed here based on the Bayesian inference theory, which is reasonable to make use of full reference (FR) algorithms when the evaluation of the quality of homogeneous medical images is required. Each FR algorithm is taken as a kernel to represent the level of quality. Although, various kernels generate different order of magnitude, a normalization process can rationalize the quality index within 0 and 1, where 1 represent the highest quality and 0 represents the lowest quality. To validate the performance of the proposed scheme, a series of reconstructed susceptibility weighted imaging images are collected, where each image has its subjective scale. Both experimental results and a ROC analysis show that the RQ obtained from the proposed scheme is consistent with subjective evaluation.
Introduction
Medical images obtained by radiology techniques have been playing an important role in clinical examination, diagnosis of disease, as well as post-treatment period [1] . Different reconstruction strategies generate reconstructed images with different quality. To select the best reconstruction strategies, there is a need to evaluate the quality parameters of these reconstructed images based on the distortion level. Such quality parameters are often evaluated by radiologists, which is cumbersome and inaccurate. Therefore, it is necessary to develop computer-aided assessment (CAA) algorithm.
Till now, several researches related to CAA are proposed [2] [3] [4] [5] . J.Q Liu et al. [6] compared seven commonly used quality assessment methods based on PET/CT reconstruction; M. Razaak et al. [2] presented broad categories of quality assessment metrics. These methods or metrics are affiliated with the full-reference (FR) methodology, such as mean square error (MSE), peak signal to noise ratio (PSNR), universal quality index (UQI) [1] , spatial frequency measurement (SFM) [7] , and structure similarity index metric (SSIM) [8] . These FR algorithms measure the degradation or difference between distorted images and original images, and thus, FR can give the relative quality (RQ) if and only if the original image is provided. But in reality, original images cannot be directly compared with distorted images, as both kinds of images have different format, e.g. an original susceptibility weighted imaging (SWI) image is formed by one amplitude image and one phase image, whereas a reconstructed image is acquired by multiplication of both the amplitude and phase images. It is observed that all FR algorithms have the same limitation.
In this paper, a generalized relative quality assessment algorithm scheme is proposed. Due to the foundation of the Bayesian inference theory, FR algorithms can successfully calculate the RQ of distorted images even if original images are not accessible. The remaining part of this paper is arranged as follow. Section 2 reviews common FR quality methods and section 3 introduces the proposed model utilizing the Bayesian inference theory. Experiment and results are presented in Section 4. Discussions are provided in Section 5 and conclusion is presented in Section 6.
Common FR quality methods
As mentioned above, common FR quality assessment methods include MAE, PSNR, UQI, SFM, and SSIM et al. All of them need both an original image and a distorted image, denoted by I ref and I dis , respectively. For medical images, the proposed method assumes that three conditions should be satisfied:
− I ref and I dis are both obtained with the same imaging principal. Therefore, they have the same imaging type, e.g. X-ray or SWI. − The content of I ref and I dis should be similar. Both focus on the same area such as brain or lung. − Images should be calibrated according to the same standard. Once images satisfy these conditions, they can be evaluated using each of the common algorithms. These FR algorithms provide an interface between two images. Figure 1 illustrates the interface that inputs I ref and I dis , and outputs an index. Inside the interface, there are three paradigms of FR kernel: pixel-based (MSE, PSNR), block-based (UQI, SSIM), and hybrid-based (SFM). RQ of I dis can be presented by a FR kernel:
where the details of FR (I ref , I dis ) depend on which algorithm researchers select. Table 1 sums up the closed-form expression of common FR algorithms [2] . Pixel-based
Bayesian inference
Based on the Bayesian inference, FR algorithms are still able to evaluated RQ of distorted images even though original images are missing.
Before deducting the RQ expression using Bayesian inference, several variables are necessary to be defined: Group {I ref ,
} denotes a series of distorted medical images. There are N distorted images and one reference image. All the distorted images are required to meet the three above mentioned conditions. In addition, some more incidents are stated. Incident R represents that the reference image I ref exists, and with highest quality without doubt. Secondly, incident D i represents that the quality of the distorted image I dis i has also the highest quality. Now the RQ of a distorted image I dis i can easily be expressed by P(D i |R), where the P(*) represents the probability. When the original image is not accessible (P(R)=0),the form of RQ is changed to P(D i |R'). According to Bayesian inference theory, there is
where P(R'|D i )=1-P(R|D i )=1, therefore, Eq. (2) can be further simplified to:
Eq. (3) indicates that RQ of I dis i is relevant to the other distorted images, which means that each distorted image can be regarded as the original image with the equal probability:
Therefore, Eq. (3) can be implemented by
For each P(D i |R'), the denominator remains the same and the P(D i |D i ) always equals to unit. In particular, some distorted medical images may include several slices, say, M slices. Considering all these elements, the RQ of I dis i is modified:
where P(D i,k |D j,k ) is indeed a FR process. Therefore, the final RQ expression is given by
where1/[(N-1)M] is taken to give an averaged RQ.
Experimental results

Testing images
Test images used for validation of this proposed algorithm are SWI images which were processed on the basis of the original magnitude and phase images. Reconstruction process involves high pass filter with the block size of 64×64, followed by consecutive 4 times phase multiplication and 4-slices minimum intensity projection. Three echoes with time echo (TE) of 23.144 ms, 29.192 ms, and 35.24 ms were added and averaged, respectively. Therefore, the process generates five reconstructed images, i.e. swi23 (TE=23.144 ms), swi29 (TE=29.192 ms), swi35 (TE=35.24 ms), swia (added echoes), and swiw (averaged echoes). Each SWI image consists of nine slices. There are 8 testing series labeled from No. 012 to No. 019. Each series contains 5 SWI images or 45 slices. Figure 2 illustrates the slices in the No. 019 series. 9 slices of each SWI image are arranged in columns and there are five rows denoting five SWI images. All these images have been subjectively evaluated using double-blind review. The subjective scale ranges from 1 to 5. Scale of 5 denotes the best quality and scale of 1 the worst. 
Testing results
To test the performance of the proposed method, three common FR algorithms (PSNR, SFM, and SSIM) are used as the FR kernel. Table 2 lists the RQs which are obtained through Eq. (7). It should be noted that different algorithms generate RQ in different levels, e.g. RQs calculated by PSNR are almost more than 20 while RQs calculated by SSIM are less than 1. The difference is dominated by different equations they adopt, shown in Table 1 .
Discussion
The first observation is that, for PSNR and SSIM, high index indicates high RQ, whereas for SFM, low index denotes high RQ. Figure 3 plots RQs in the form of SSIM index in each series. It is apparent from plot that swia and swiw have the better quality than the others, which is consistent with subjective evaluation. Secondly, for each FR function, the probability that a reconstructed image has the best quality, denoted by P(I dis i ), can be obtained through
,ୖୀୗୖ,ୗୗ୍ (8) Table 3 presents the probabilities in all series. It is obvious that for any FR kernel and any series, the probability always indicates that swia and swiw have the better quality, which exhibits the robustness of the proposed scheme.
Finally, when probabilities for all images are obtained, a threshold is set to make a simple two-class classifier to determine which image has the best quality. According to subjective scaling, images name swia and swiw have the best quality, which is the target of the classifier. On the other hand, because each of the five images has one fifth probability to be the best, this classification should be supervised, which means that the threshold must be no less than 1/5. In the ROC analysis [9] , four thresholds (0.20, 0.21, 0.22, and 0.23) are set for the classifier. Figure 4 plots the ROC curves and the area under curve (AUC) is measured. It can be observed that when threshold is between 0.20 and 0.21, the classifier has the right rate above 92%. Even though the AUC drops to 0.65 when threshold is beyond 0.22, all curves are above the gray line, in other words, all the four classifiers are meaningful. The index is between 0 and 1 and it represents a better quality when it is closer to 1. Therefore, swia and swiw have the better quality than the others, which is consistent with subjective evaluation. Fig. 4 . ROC analysis of proposed algorithm scheme: four thresholds are set and it can be seen that all the four ROC curves are above the gray line, which means that AUCs are all more than 0.5.
Conclusion
The proposed generalized RQ assessment scheme is indeed a no-reference method, but it can embed any FR kernels to quantify the quality of medical images using the RQ index. Experimental results show that the RQ assessment scheme is a very powerful for evaluating the quality of reconstructed images. In practice, it can be helpful to determine which reconstruction strategy is the best.
